INTRODUCTION
Aneuploidy, chromosomal instability, and resulting genomic imbalances are among the hallmarks of human cancers of epithelial origin (1) . While specific chromosomal imbalances are usually acquired before the transition to invasive disease, global destabilization of the genome occurs at later stages (2) . The degree of destabilization, measured for instance by the number of chromosomal aberrations or the amount of variability in the nuclear DNA content from one cell to another, is an important predictor of clinical outcome, independent of conventional morphological or clinical parameters. For instance, women with genomically stable breast other 8 patients had lymph node metastasis (stage III) and received 6-month adjuvant chemotherapy with 5-FU and levamisole. Patients were evaluated at 3-month intervals for the first postoperative year and at 6-month intervals thereafter. Nine of the 18 patients (5 stage II patients and 4 stage III patients) developed a distant metastasis within 53 months. The other 9 patients remained disease free for at least 60 months, with mean follow-up of 75 months. A summary of patient clinical characteristics is provided in Table I .
Non-small cell lung cancer
The cohort from Bild et al (12) contained 111 patients of which 67 were in stage I, 18 in stage II, 24 in stage III, and 2 in stage IV. There were 2 cell types in this cohort: lung adenocarcinoma (n=58) and squamous cell lung cancer (n=53). The cohort from Bhattacharjee et al (13) contained 84 patients with lung adenocarcinoma. Sixty-two patients were in stage I, 14 in stage II, and 8 in stage III. Twenty-six tumors were well differentiated, 43 moderately differentiated, and 15 poorly differentiated. The cohort from Shedden et al (14) contained 442 lung adenocarcinomas collected from multiple cancer centers and institutes. Two hundred and seventy-six patients were in stage I, 94 in stage II, and 68 in stage III; 4 patients had undefined disease stage. A summary of clinical characteristics including age, gender, and median followup time for each cohort is given in Table II .
Ovarian cancer
The ovarian cancer cohort (n=124) was retrieved from Bild et al (12) ; 94.4% (117/124) of these ovarian cancer patients had advanced stages (III and IV). The cohort was randomly partitioned into training and test sets of equal size. Table III presents the median follow-up time and the distribution of tumor stage for the training and test cohorts.
biological and clinical relevance of these genes, i.e., the gene expression signature of genomic instability, was validated with large independent data sets and resulted in an excellent prediction of the clinical course. Inversely, when using established signatures of poor prognosis to predict the degree of genomic instability in our dataset, the results were equally convincing. That means that the basis for clinically used gene expression signatures of poor prognosis is biologically linked to chromosomal instability, which ultimately determines outcome. Since most solid tumors are defined by aneuploidy, we were interested to explore whether the gene expression signature of genomic instability that determines outcome in breast cancer is also useful for the prediction of the clinical course in other carcinomas, namely colorectal, lung, and ovarian cancer.
MATERIAL AND METHODS

Patients and samples
Colon cancer
The first cohort contained 50 patients with stage II colon adenocarcinoma (9) . None of the patients had emergency surgery or received any adjuvant chemotherapy. Twentyfive patients developed a distant metastasis (liver in 20 patients, lung in 5 patients) within 52 months. The other 25 patients remained disease free for at least 60 months, with mean follow-up of 79 months. The second cohort contained 24 patients with stage II colon adenocarcinoma (10) . None of these patients received adjuvant chemotherapy. Ten patients developed a liver metastasis within 55 months. The other 14 patients remained disease free for at least 60 months, with mean follow-up of 72.2 months. The third cohort contained 18 patients with colon adenocarcinoma (11) . Ten of these patients had no lymph node metastasis (stage II) and did not receive any chemotherapy. The 
DNA microarray analysis
The RNA extraction and cDNA preparation in these studies was described in their original publications (9) (10) (11) (12) (13) (14) . Three colon cancer datasets were all generated with Affymetrix U133A arrays. The lung adenocarcinoma dataset from Bhattacharjee et al (13) was measured on Affymetrix U95A arrays. The non-small cell lung cancer dataset from Bild et al (12) was quantified with Affymetrix U133 Plus 2.0 arrays. The lung adenocarcinoma dataset from Shedden et al (14) was generated with Affymetrix U133A. The ovarian cancer dataset from Bild et al (12) was assayed with Affymetrix U133A (retrieved with record GSE3149 from Gene Expression Omnibus).
Computational methods for prognostic classifications
RIPPER RIPPER is a propositional rule learning algorithm proposed by Cohen (15) with improvements over original incremental reduced error pruning (IREP). In the RIPPER algorithm, after an initial rule set is learned from IREP, the rule set is further pruned repeatedly based on a different metric and stopping condition on randomized data. The repeated pruning stops when the rule set learned from IREP is refined into a rule set with optimized size and performance. JRip learner with WEKA 3.4 (16) was employed in the analysis.
Cox proportional hazard model
In survival analysis, the hazard function assesses the instantaneous risk of death at time t, condition on survival to that time point:
where T is the variable that represents the survival time with cumulative distribution function P(t) = Pr(T ≤ t).
A Cox proportional hazard model defines the relationship between the survival of patients and a set of variables, such as gene expressions. The Cox model gives the hazard at time t for an individual with a given set of predictors denoted by X:
A hazard ratio is defined as the hazard for one individual divided by the hazard for a difference individual: hazard ratio where X * denotes the set of predictors for one signature as covariates. A risk score was generated for each patient. Based on the distribution of the risk scores in the training model, a cutoff value was identified for patient stratification. This training model and cutoff value were applied to the testing set.
Biological pathway analysis
Ingenuity Pathway Analysis (IPA) software (Ingenuity Systems, Redwood City, CA, USA) is a proprietary webbased curated database which provides contents of gene and protein interactions reported in the literature. In this study, we used IPA to delineate molecular networks of genes interacting with the 12-gene signature. Core analysis was used to identify the most significant biological processes and functions from the merged network related to the 12gene signature in human tissues and cell lines.
RESULTS
Genomic instability is a defining feature of human cancers of epithelial origin (1, 2) . We have previously established a biological relationship between the degree of genomic instability, poor-prognosis gene expression signatures, and clinical outcomes in patients with breast cancer (8) . A set of 12 genes that was differentially expressed between genomically stable and unstable tumors predicted recurrence-free survival (including metastasis and relapse) and overall survival in multiple independent breast cancer cohorts. In the present study, we sought to investigate whether this genomic instability gene signature also predicts clinical outcomes in other cancer types of epithelial origin including colon cancer (n=92), non-small cell lung cancer (n=637), and ovarian cancer (n=124). The signature genes are listed in Table IV .
Genomic instability signature is an independent predictor of colon cancer recurrence
To construct a molecular classifier to predict colon cancer recurrence, 50 patients with stage II colon adenocarcinoma (9) were used as a training cohort. Nine genes within the 12-gene genomic instability signature were identified from the DNA microarray data. These signature genes were used to classify recurrence in each patient with the JRip algorithm. The performance of the classifier was evaluated in a 10-fold cross-validation on the training set (Tab. V). The genomic instability signature correctly predicted recurrence in 72% (36/50) of patients, with a sensitivity of 68% (17/25) and a specificity of 76% (19/25) . The model identified in the training cohort was applied to predict recurrence in each patient in the validation cohort (n=42), combining patients retrieved from Barrier et al (10, 11) . In the validation, the genomic individual and X denotes the set of predictors for the other individual (17) .
In our analysis, the hazard ratio represents the ratio of hazard (i.e., death from cancer) between the average risk scores of 2 prognostic groups.
Prognostic prediction of recurrence in colon cancer
The matching genes in the 12-gene genomic instability signature were identified with Affymetrix IDs. Nine common genes were found in each of the 3 colon cancer cohorts with 6 genes having matches to multiple probes. The mean expression of the duplicate probes for each gene was used in this study. The patient cohort from Barrier et al (9) was used as a training set (n=50), while the cohorts from another 2 papers by Barrier et al (10, 11) were combined into an independent validation set (n=42). A training model was built with the 9 signature genes to classify recurrence in colon cancer patients using a rulebased learner RIPPER. A 10-fold cross-validation was used to evaluate the performance of the training model. This training model was used to predict recurrence in each patient in the validation set.
Prognostic categorization of non-small cell lung cancer
The DNA microarray data were generated on 3 lung cancer cohorts using different Affymetrix platforms. Gene symbols were used to find the matching genes in the signature. In each patient cohort, a Cox proportional hazard model was constructed by using the matching genes as covariates to predict lung cancer survival after the initial treatment. The non-small cell lung cancer cohort (n=111) from Bild et al (12) was used as a training set. A risk score was generated for each patient in this cohort. A high risk score represents a high probability of postoperative treatment failure, and similarly for a low risk score. Based on the distribution of the risk scores in this cohort, a cutoff point was identified to stratify patients into high-risk or low-risk groups. This cutoff risk score was applied in prognostic categorization in the 2 lung adenocarcinoma patient cohorts from Bhattacharjee et al (13) (n=84) and Shedden et al (n=442) (14) . In each cohort, the survival probability of each prognostic group was assessed with Kaplan-Meier analysis. The difference between the survival probabilities in the 2 groups was estimated with log-rank tests. These analyses were performed with software packages in R (17) .
Patient stratification in ovarian cancer
The ovarian cancer patient cohort (n=124) from Bild et al (12) was randomly partitioned into a training set (n=62) and a testing set (n=62). Using the training set, a Cox model was built based on the 12-gene genomic instability every patient, with a higher risk score representing a greater probability of treatment failure (i.e., death). Based on the histogram representing distribution of gene expression-defined risk scores in this cohort (Fig. 1A) , a cutoff value of zero, the peak value in the histogram, was used to stratify patients into high-risk and low-risk groups. This cutoff value represents the linear additive expression levels of all the signature genes in lung cancer patients. This stratification separated patients into 2 groups with distinct overall survival (log-rank p=0.0005) in Kaplan-Meier analysis (Fig. 1B) . This cutoff risk score was applied to 2 additional cohorts from Bhattacharjee et al (13) (n=84) and Shedden et al (14) (n=442). The 12-gene signature generated significant prognostic categorization in both lung adenocarcinoma cohorts from Bhattacharjee et al (13) (log-rank p=0.05; Fig 1C) and Shedden et al (14) (logrank p=0.01; Fig. 1D ) in Kaplan-Meier analyses. In all 3 studied non-small cell lung cancer cohorts, the low-risk groups had a 2-year postoperative survival above 80%, representing a significantly better prognosis compared with instability signature correctly predicted recurrence in 69.1% (29/42) of patients, with a sensitivity of 73.9% (14/19 ) and a specificity of 65.2% (15/23). The cohorts from Barrier et al (9, 10) contained only stage II lymph nodenegative colon adenocarcinomas. These results indicate that the 12-gene genomic instability signature provided independent prognostic information in addition to tumor stage. Once validated in larger, independent cohorts this signature could be potentially used to select lymph nodenegative patients for receiving adjuvant chemotherapy.
Genomic instability signature predicts lung cancer survival
To explore the clinical relevance of the 12-gene genomic instability signature for the prognostication of patients with non-small cell lung cancer, the lung cancer cohort retrieved from Bild et al (12) was used as a training cohort. A Cox model of overall survival was constructed based on the 12-gene signature, with each gene variable as a covariate. A survival risk score was generated for usually advanced disease stage at the time of diagnosis. In order to extend the potential usefulness of our genomic instability signature, we explored its value for predicting clinical outcome in patients with ovarian cancer. The ovarian cancer cohort (n=124) from Bild et al (12) was randomly split into a training set (n=62) and a testing set (n=62). A Cox model was built on the training set using the signature genes as covariates. A survival risk score was generated for each patient. A cutoff value was identified based on the histogram of the risk scores in the training set ( Fig. 2A) . Patients with a risk score greater than the cutoff were stratified into the highrisk group and the remaining patients into the low-risk group. The high-and low-risk groups had significantly (log-rank p=0.02) different relapse-free survival in the training cohort in Kaplan-Meier analysis (Fig. 2B ). This training model and stratification scheme were applied to the testing set and generated significant prognostic stratification (log-rank p=0.015) in Kaplan-Meier analysis (Fig. 2C) . The survival risk score estimated by the model also showed strong association with the ovarian cancer relapse-free survival (HR=2.08, 95% CI 1.00-4.29) in the test set (Table VI ). These results demonstrate that the 12-gene genomic instability signature could indentify more aggressive ovarian cancers that were more likely to develop recurrence after surgical resection and initial treatment. The high-risk patients defined with this genomic instability gene signature might benefit from second-line chemotherapy.
the corresponding high-risk groups, for which the 2-year survival ranged from 38% to 58%. Furthermore, the 12gene genomic instability signature had a significant hazard ratio (HR ≥1.55, p<0.05) in predicting poor prognosis in all 3 studied lung cancer cohorts (Tab. VI). The results show that the expression patterns of the 12-gene genomic instability signature could be used to predict postoperative survival in non-small cell lung cancer patients.
Genomic instability signature predicts ovarian cancer outcome
Ovarian cancer is a common malignancy in women. The prognosis of ovarian cancer patients is bleak due to a (12) . The peak value with risk score zero in the histogram was defined as the cutoff in prognostic categorization. Gene expression-defined high-risk and low-risk patient groups had significantly different postoperative survival in cohorts from (B) Bild et al (12) , (C) Bhattacharjee et al (13) , and (D) Shedden et al (14) in Kaplan-Meier analyses. 
Functional pathway analysis
The 12-gene genomic instability signature was able to distinguish more aggressive tumors in multiple cancer types, indicating that the signature might be involved in important mechanisms of tumor genesis and progression. Functional pathway analysis was performed based on a curated database of molecular interactions reported in the literature using IPA. The results show that the signature genes interact with multiple prominent cancer signaling pathways, including the oncogenes NFKBIA, MYC, BCL2, CDK1 (CDC2), E2F1, and SOD2 as well as the tumor suppressor genes TP53 and CASP9 (Fig. 3) . Specifically, Aurora-A (AURKA) is an important regulator of mitosis whose amplification is associated with human cancer. Perturbed expression of Aurora-A in mammalian cells induces carcinogenic phenotypes, including centrosome amplification, genomic instability, and transformation. It was found that UBE2N binds to Aurora-A (18) and inhibits it both in vitro and in vivo through the stimulation of ubiquitination (19) . In MCF7 cells, human Aurora-A protein increases polyubiquitination of human IKBA (NFKBIA) protein (19) . p14 ARF (CDKN2A)-induced G 2 arrest and subsequent apoptosis inhibit the growth of human tumoral cells lacking functional TP53, which correlated with inhibition of CDC2 (CDK1) activity (20) . Studies showed that human p14 ARF (CDKN2A) protein (12) . The peak value with a risk score of -3 in the histogram was defined as the cutoff in prognostic categorization. Gene expression-defined high-risk and low-risk ovarian cancer groups had significantly different postoperative survival in both training (B) and testing (C) cohorts. Fig. 3 -Functional pathway analysis of the 12-gene genomic instability signature using Ingenuity Pathway Analysis. The biological network showed genes interacting with the signature genes as reported in the literature.
correctly predicted the degree of genomic instability in our dataset. This established a biological link between independently derived prognostic signatures (5) (6) (7) . We were now interested in exploring whether this signature would also assist prognostication of disease outcome in cancer types other than breast carcinoma. In order to test this hypothesis, we applied the signature to published datasets from lung (12) (13) (14) , colorectal (9) (10) (11) , and ovarian carcinomas (12) .
In each studied cancer type, a patient stratification scheme was developed based on the expression of the 12gene genomic instability signature, and was validated on independent patient cohorts. Based on the clinical outcome provided in 3 colon cancer cohorts, a machine learning algorithm, JRip, was used in the model construction on the training set (n=50) with stage II colon carcinoma to predict patients' recurrence after surgery. The model accuracy was 72% on the training cohort in a 10-fold cross-validation. This prognostic model was applied to the combined testing set (n=42) and achieved an overall accuracy of 69.1% in the cross-cohort validation. These results are more accurate (p<0.05) than random predictions. In the prognostic validation of non-small cell lung cancer, a prognostic model was built with the Cox model using the gene expression profiles as covariates. The cutoff point for prognostic categorization was based on a histogram of gene expression-defined risk scores in the training cohort (n=111). This stratification scheme was applied to 2 additional patient cohorts (n=526). In each cohort, the gene signature separated patients into different prognostic groups with remarkably different (log-rank p<0.05) clinical outcomes in Kaplan-Meier analyses. Similarly, the scheme was used in the prognostic validation of ovarian cancer. In both training and testing cohorts (n=124), the gene expression-defined model provided significant (log-rank p<0.02) postoperative prognostic stratification in Kaplan-Meier analyses. The 12-gene instability signature resulted in significantly higher hazard ratios in poor-prognosis groups over good-prognosis groups in all studied lung cancer and ovarian cancer cohorts.
Genome-wide association studies utilizing human tissue samples have enhanced the prognostic capacity of cancer outcomes. Four breast cancer signatures, including intrinsic subtypes (32), a poor-prognosis signature (MammaPrint ® ) (7) , recurrence score (Oncotype DX ® ) (33) , and wound response (34) , represent largely the same prognostic space (35) . Our 12-gene genomic instability signature predicted disease-free and overall survival in multiple breast cancer cohorts including earlyand advanced-stage disease (8) . Its accuracy proved to be comparable to that of Oncotype DX ® and the signature is potentially more accurate than the other above-mentioned signatures in predicting survival (7) . More importantly, the 12-gene signature showed prognostic ability beyond early-stage breast cancer, which constitutes the patient activates the Caspase 9 (CASP9) and mitochondrial apoptosis pathway entirely independent of TP53, and these caspase-9-like activities were greatly enhanced in cells lacking functional p21 (CDKN1A) (21) . Furthermore, overexpression of SOD2 decreases accumulation of CDKN2A during confluent growth of fibroblasts (22) . BCL-2 is a direct target of c-Myb, and overexpression of c-Myb was accompanied by upregulation of BCL-2 expression (23). The binding of E2F family members (E2F1 through E2F5) is blocked by methylated E2F elements derived from E2F1 and CDC2 promoters (24). In contrast, the binding of E2F1, but not E2F2 through E2F5, is significantly inhibited by methylated E2F elements derived from the c-Myc and c-Myb promoters (24). CCL18 is one of the most abundant chemokines produced by immature dendritic cells, and may be part of an inhibitory pathway to limit specific immune responses at peripheral sites in maturing human dendritic cells (25) . TNF-α (TNF) protein decreases expression of CCL18 mRNA (25) .
DISCUSSION
Genomic instability is a defining and ubiquitous feature of human cancers (1, 2) . In many instances the degree of genomic instability is correlated with the clinical course, with highly unstable tumors showing a poorer prognosis (3, 26, 27) . Also, the degree of genomic instability increases with cancer progression: preinvasive dysplastic lesions usually carry only few genomic imbalances, often in the form of gains and losses of entire chromosomes or chromosome arms (2, 28) . These early changes can occur in an otherwise stable genome. During tumor progression, additional imbalances accumulate, including regional high-level copy number genomic amplification. Specific tumor entities can present with different degrees of genomic instability. For instance, HNPCC-associated colorectal carcinomas are karyotypically stable and generally have a better prognosis than sporadic tumors, which are usually highly aneuploid (29) (30) (31) . A similar situation can be observed in breast carcinomas: here, patients with tumors that are diploid or close to diploid fare considerably better than patients with aneuploid carcinomas (3, 27) . In a recent publication we explored whether that difference in the degree of genomic instability and its close correlation with prognosis are biologically related to the gene expression signatures of poor prognosis that were identified over the past few years in large cohorts of breast cancer patients. In order to test this hypothesis, we profiled 48 breast tumors that were defined as being genomically stable and unstable. This resulted in a 12gene signature of genomic instability that clearly separated the 2 groups (8). In addition, the 12-gene signature predicted outcome in multiple independent datasets, and, conversely, the clinically used poor-prognosis signature
